This paper investigates whether an online healthcare community benefits patients' mental health. We propose an inhomogeneous Partially Observed Markov Decision Process (POMDP) model to examine the latent health outcomes of online health community members. The transition between different health states is modeled as a probability function that incorporates different forms of social support that patients receive via online communication, and other factors that impact patients' online behaviors. We find that patients gain benefits from learning from others, and their participation in the online community helps them to improve their health condition and better engage in their disease self-management processes. Our results also reveal the effectiveness of various forms of social support on the dynamic evolution of patients' health conditions. We find measureable evidence that informational support is the most-sought support in the online healthcare community. However, emotional support plays the most significant role in helping patients move to a healthier state. The helpfulness of social supports is found to vary with patients' health conditions. Finally, we demonstrate that our proposed POMDP model can provide accurate predictions for patients' health states, and it can be used to recover missing or unavailable information on patients' health conditions.
Introduction
The Internet is changing the way people learn about health and illness (Ziebland et al. 2004 ).
Features such as its reach to a vast audience in a cost-efficient way, 24/7 accessibility, and user anonymity make the Internet a place people can turn for social support at any time. Without the need to be spatially and temporally co-present, the Internet provides a safer environment for disease sufferers to engage in nonthreatening and supportive communication (Coulson2005). Patients who meet online develop friendly and comforting relations and provide each other with various forms of social support.
The resulting trust generally increases an individual's willingness to disclose details of her disease and experiences (Lamberg 2003) .
Extensive studies over the past few decades indicate that the level of social support in people's lives essentially predicts their physical and mental health outcomes (Clark 2006) . However, people with chronic illnesses, especially mental problems, often cannot develop and maintain relationships offline (Leung 2011) . Mental health is defined as an individual's ability to respond to the many, varied experiences of life with flexibility and a sense of purpose (Oluwole et al. 2011 ). Mental illness, or mental disorder, is generally associated with distress or disability. People with serious mental problems have difficulty balancing themselves, other people, and the surrounding environment. Take depression as an example. One in five people in the United States have some form of depression. According to the National Institute of Mental Health, there were 33,000 suicides in the United States in 2006, and more than 90% of those individuals had been diagnosed with a mental disorder. Clinical depression is now the second-most-costly disorder among all medical diseases in the United States. While only a minority of those with mental disorders seek professional help (Christensen and Griffiths 2000) , many find online social interactions attractive and effective to obtain much needed emotional support and companionship (Leung 2011) .
Despite the Internet's increasingly important role in the healthcare industry, how helpful online healthcare communities might be for patients is largely unknown (Lamberg 2003) . To the best of our knowledge, there is little research that systematically studies the social influence brought about by patients' participation in online healthcare communities and the sharing of their disease information and knowledge. The objective of this work is to examine the impact of patients' activities in online social networks on their health outcomes. The challenge of studying this problem is the difficulty of measuring perceived utility through patients' online behaviors in online healthcare communities, especially when patients' health conditions are hidden most of the time. To overcome this obstacle, we propose a Partially Observed Markov Decision Process (POMDP) model, where a patient's health condition is partially observed and varies over time. The transition between different health conditions is determined by the extrinsic medical help and a set of covariates measuring the benefits patients receive from their activities in online healthcare community. The number of health condition states is determined by the complex characteristics of patients' online behavior and dynamics over time. To control for individual-specific characteristics, we include a set of random-effect coefficients to capture this unobserved heterogeneity.
Finally, a maximum likelihood estimation procedure is conducted for this POMDP model.
There are countless reasons why people seek social support in online settings. For many people who participate in online healthcare communities, the platform is used to supplement traditional offline methods of support; for others, the online venues may be the only social support available. The POMDP model we propose identifies dynamic changes in health condition according to patients' online activities and provides evidence for the helpfulness and value of online healthcare communities. By incorporating partially observed patients' health conditions to examine (latent) dynamic changes, we find that patients receive various social supports from their online activities, and that communication with other similar patients has a positive impact on their health conditions. Although information is the major social support that patients seek/provide in online healthcare communities, emotional support has a higher magnitude of influence in helping patients move to a better health condition.
This work, to the best of our knowledge, is the first study to focus on online healthcare communities, where patients share their medical histories and health information to help one another. We find measurable evidence of how patients' social interactions affect their health conditions. Our work bridges the social networking and healthcare fields, offering the following contributions. First, we study patients with mental (chronic) problems and their online activities. We find quantitative evidence that online healthcare communities change patients' disease management behavior. Users who directly participate in social support exchanges receive support in various forms, such as information about their condition or the knowledge that others are experiencing similar stressful situations. These social supports help them to stop blaming themselves for their illness and present them with opportunities to actively engage in mutual aid and self-help. Second, we identify the effectiveness of online healthcare community as an online health university. Patients who are managing their disease and understand its progression are a tremendous resource for patients suffering similar problems. The access to a massive library of health data and visualized networking tools make it a true "health university" for the public (and provides the opportunity for post-trial analysis for the pharmaceutical industry). Third, the online platform helps patients to keep their health condition history and take control of their health and healthcare. By observing similar patients' health condition dynamics, they can compare their outcomes with a large population and assess treatment effectiveness (Kane et al. 2009 ). Fourth, the proposed POMDP model can help to recover patients' missing or unavailable information. It takes time and effort for patients to keep track of their health condition. And sometimes, patients may not find the opportunity to get their health condition assessed. Under such conditions, our work postulates a way to reveal the unobservable information effectively and accurately. Fifth, this work suggests a less costly diagnostic tool. Even if patients do have the chance to measure their health condition, the complex process reduces patients' willingness to participate because it is time-consuming and there is a significant cost in effort. Our model thus provides a method to further simplify the procedure and generate a dynamic questionnaire covering patients' health history and previous health condition. Hence, it can increase patients' participation rate by requiring less time and effort and thus encouraging them to reveal more important and valuable information. Finally, our work is not limited to mental health problems, as it can be applied to other types of illnesses. This paper is organized as follows. In Section 2, we review the literature and develop the theory.
Section 3 presents the empirical model. We present the data in Section 4 and the variables in Section 5.
We explain the estimation procedure in Section 6, and present the results in Section 7. Section 8 concludes the study.
Theory and Hypotheses
An online healthcare community is a special kind of virtual community where individuals meet online and exchange social support. Different from the widely used, email-based type of support group, an online healthcare community affords significant advantages, such as access to a voluminous dataset (the aggregated knowledge generated by members), and live online discussions. These modern social mediabased communities are constructed on a commons-based peer production basis (Benkler 2002 , Fichman et al. 2011 and are especially attractive to individuals with rare diseases and/or chronic health problems. An online healthcare community provides patients with new opportunities to gain support within a virtual network formed by individuals dealing with similar issues. Many of those who join online healthcare communities are patients who are active in their self-care process. Following Merton's (1976) description of the role of the "good doctor," Radley and Billig (1996) advocate that the "good patient" must be more than a patient to receive the entitlement. For this reason, aside from physical conditions, internal attitude plays an important role in "defining" patients' health conditions. A positive relationship between people's health and social support has long been recognized. Social support is one of the most important factors in predicting individuals' overall physical health (Chernomas and Clarke, Clark 2006) . Cobb (1976) explains that supportive interactions among people protect against the health consequences of stress. McCorkle et al. (2008) find that social support increases patients' adherence to treatments and enhances recovery. As a result, researchers across disciplines have been studying the social support of individuals in various scenarios. Today, a major body of sociology research categorizes social support in four forms: informational support, emotional support, companionship, and instrumental assistance (Berkman et al. 2000, Wortman and Conway 1985) .
Informational support involves the transmission of information, including advice and referrals. The convenient access to the mass of information makes health-related topics one of the most popular searches on the Internet (McMullan 2006) . The Internet is a source for mental health information for over 10% of the general population, and more than 20% of people who have a history of mental health problems (Powell and Clarke 2006) . There is also a significant amount of research showing extensive use of online healthcare communities. Members of online healthcare communities create health profiles or blogs to share geographic and demographic information such as age and gender and compile the effects of various medical treatments. Rather than sorting through huge piles of test results and other paperwork, online health profiles help patients keep track of their treatment progress and medications easily and conveniently. This simplifies medical interpretation, enables patients to understand their condition better, and helps patients make treatment decisions (McMullan 2006) .
The increased access to shared health information, medical experiences, and treatment history in online healthcare communities can produce more informed patients. The knowledge gained from informational support can help provide a greater understanding of problems and possible solutions. The more health information patients learn, the better they understand their condition and the better they can take steps to care for themselves (Kassirer 2000 , McMullan et al. 2006 , Wanless 2002 . Learning experiential information from other patients' profiles provides an individual with a window on second opinions, information that is "difficult" to ask directly, and assistance in making sense of the stage of the disease (Ziebland 2004) . Therefore, it makes the Internet and online healthcare communities an attractive resource for information about new treatments and discoveries.
Hypothesis 1: Informational support has a positive effect on patients' health conditions.
Emotional support comes in the form of sharing happiness or sadness, or expressing caring and concern. It sends a signal that one is not alone, that one is taken care of and valued. This kind of support is especially important for patients with chronic mental problems. First, patients with mental health issues have difficulty in developing and maintaining relationships to receive meaningful help. At different stages, the disease can inhibit the ability of patients to cope with their illness. Family relationships can become strained and support withdrawn because of the various burdens that stem from the disease (Weinberg et al. 1995 , Wright 2000 . Second, due to the limits of time and resources, it may be difficult for offline relations to provide support when it is needed. However, with no geography boundary, online healthcare communities make it possible for patients to talk with other patients suffering from similar illnesses at any time (Bambina 2007 , Lamberg 2003 . Third, and most important, knowing that others have faced a similar problem, and even overcome it, can provide both relief from personal blame and renewed strength (Bambina 2007 , Weiss 1974 , Wills et al. 1985 . It is found that online healthcare community members often develop intimate and trusting relationships; among other things, they provide referrals and encourage each other to stick with therapy (Lamberg 2003) .
Hypothesis 2: Emotional support has a positive effect on patients' health conditions.
The informational and emotional support delivered through online healthcare communities may help patients cope better with their mental problems. Bambina (2007) investigated a cancer forum and finds that on average members receive more informational support than emotional support. However, it remains unclear, due to the lack of prior empirical evidence, which type of support is better for meeting patients' social needs. To help improve the effectiveness of online healthcare communities, it is important to contrast the respective effect of informational and emotional support. While it is important to differentiate the type of social support, Jacobson (1986) points out that the "timing" or sequence of social support can affect its effectiveness. A medical problem may need different type of support as it moves through its stages (Pearlin 1985) . This calls for social support to be examined as a dynamic process rather than just a resource or outcome (King et al. 2006 ). In the context of this study, the dynamics is characterized by a patient's fluctuating among health conditions. The helpfulness of social support may vary depending on patients' instant health conditions.
Hypothesis 4: The effect of social support is moderated by patients' health conditions.
Companionship can consist of group meetings, chatting, and other social activities. It provides support by making individuals feel there are others who enjoy their presence and that they are a valuable part of something bigger than themselves (Wellman and Wortley 1990) . In an online healthcare community, such support is usually exchanged by participating in a discussion forum. The various activities in online healthcare community act as "talk" therapy and can make each individual feel they are not isolated from the world and have social connections. Finally, instrumental or practical support refers to assistance in locating life-related resources. This kind of support is usually not available in online healthcare community settings, as it requires individuals to reveal their real-life identity. In this study, social support is classified to either informational, emotional, or companionship, so their respective effect cannot be empirically identified simultaneously. We have selected companionship as the base category.
Health Conditions
Patients' Observed Online Activities Figure 1 shows the conceptual framework where social support influence patients' health conditions and there is a moderating effect. It is theorized that patients' health conditions consequently affect their online activities and also moderate other control variables.
Control Variables

Model
One of the challenges in this study is that the health conditions of a patient are partially observable and evolve over time. This makes it impossible to compare consecutive health conditions and draw the conclusion whether patients benefit from social support. To recover latent health conditions, we propose a model based on Partially Observed Markov Decision Process (POMDP) in which patients' health conditions can be inferred from other observables such as their online activities.
Partially Observed Markov Decision Process
The POMDP starts with the Hidden Markov Model (HMM), which is modified to account for the only partial observability of health conditions. HMM is a stochastic process that is not directly observable but can be inferred through another stochastic process that produces a sequence of observable outcomes (Rabiner 1989) . It has been widely applied to different contexts. In our case, we identify a patient's health condition as the latent state, whenever it is unobservable, and study whether a patient's online participation helps to change her latent state. Such a transition can be triggered by communication, the exchange of information and knowledge, or other activities with focal patients in the online healthcare community. The time variant for online activities is the observed outcome sequence for a patients' online behavior. The Markovian transitions account for the dependence on subsequent behaviors. Figure 2 sketches the POMDP in this study. In contrast to HMM, a patient's (latent) health condition is not completely hidden. Therefore, by considering this information we are able to reduce the randomness of the HMM and redefine the latent states' distribution.
A rectangle indicates an unobserved state whereas a circle refers to an observed state. A solid arrow denotes a possible path whereas a dashed arrow indicates a forbidden path. OHC is the acronym for online health community.
Figure 2: POMDP diagram
Following the notation of Rabiner et al. (1986 Rabiner et al. ( , 1989 , the proposed POMDP model is a combination of HMM and a probability adjustment process. It consists of three main components and an additional probability recalculation process for the partially observed health condition (state): (1) the initial state distribution, π; (2) the state transition probability distribution, A; (3) the observed outcome probability distribution, B; and (4) the recalculation of transition probability distribution, ' A , if the state is observed at the given period. For convenience, we use a compact notation for the overall model:
With this model specification, we proceed to find the values of parameters in ( / ', , ) A A B λ π = to best explain the observed outcome sequence, or to maximize the probability P (outcome sequence | λ ). 
State Transition Matrix
We assume that there are n states that discretize health conditions from the lowest health state 1 to the highest health state n. A patient takes medications, receives treatments, and other therapies. Even with such external controls, one still observes that very often a patient's health condition changes quite drastically. As the changes in health state can be very random, we relax the assumption of random walk in a typical POMDP model. The state transition probability is defined as As discussed earlier, a patient's health condition changes according to her reception of social support through her online communications and other activities. A continuous measurement of this propensity needs to be modeled into the probability transition matrix. In other words, a patient can move to a higher health state if the benefit she gets from the online healthcare community is greater than a certain threshold, whereas she will transit to a lower state if the aggregate social impact is lower than a low threshold value.
Hence, the matrix is defined as an ordered Logit model:
Here, s is the current state. 
X is a vector containing variables that have impact for patients to switch between states. s β is a set of state dependent parameters. i ξ represents the patients' specific random effect and accounts for individual unobserved heterogeneity. As shown in Figure 2 , patients in the lowest state can move to any one of ( 1) n − higher states or stay idle while the highest-state patient can either stay unchanged or move down to any of ( 1) n − lower states. Patient's health condition lying in any other states has the probability to move either up or down or stay unchanged in the same state.
State Dependent Outcome
As shown in the existing literature, patients use the Internet to search for health-related content and to access virtual support networks (e.g., Lamberg 2003 , McMullan 2006 . With the development and implementation of new technology, online healthcare communities are shifting from email-based support groups to multi-functional virtual communities. Patients in such online healthcare community environments can communicate through various channels, such as posts, to gain cumulative knowledge and aggregated support. Moreover, a patient's online behavior is closely related to her health condition.
Therefore, the number of posts a patient initiates and answers determines the measurement of her observed online activity in the online healthcare community. Following Singh et al. (2011) , we model that the number of posts, a count variable, follows a negative binominal (NB) distribution for a given health condition state: 
Adjustment for State Transition Probability with Observed Patient Health Condition
This adjustment process is in line with that of Kaelbling et al. (1998) . For the time period that has the observed state information, all states from the previous time period will enter state m′ with a probability of 1, and for the next time period, the possible routes will be initiated only from this state m′ .
Likelihood of an Observed Sequence of Outcomes
Consider an observed sequence of outcomes ( ) 1 2 
is the state in which a patient can possibly reside in time period t. The likelihood of patient i can be obtained by integrating over η and ξ:
where the probabilities H and G are evaluated non-parametrically, that is, their supports and corresponding probability masses are considered as model parameters to be estimated.
Data
Research Context
We collect the data from Health 2.0 websites, where patients can create profiles and interact with others.
This virtual place provides registration forms for patients to share their medical history and disease details, as well as communication platforms. To provide direct help and better service, this website is constructed and archived by health problem and patients are routed to their target communities based on the type of their disease. Members are required to disclose their health condition at the time of registration, and are thereafter directed to the targeted community at every login. Each community is a closed environment, because it is thought that patients suffering from similar diseases will better understand each other and thus provide social support more efficiently. Although members in different communities can view each other's profiles, information access is limited and patients from different communities cannot leave comments or initiate threads on any forum other than their own. Therefore, the boundaries of this online healthcare community are already defined by the website structure.
In the community that serves people with mental problems, patients, as usual, must first create their personal profiles. Similar to other online social networking sites, users need to provide basic information to introduce themselves. In the context of an online healthcare community, however, the "basic information" focuses more on their health, such as the type of their major problem (and perhaps a second or third health problem), the date of the first symptom, and the results of any diagnostic testing. There is also a medical application in the profile that allows patients to update recent health data and display these in chart form. Thus visualized, it is easy for patients to track their health history. To establish virtual relationships and communicate with other members in Health 2.0, patients can chat in the Forum and/or leave comments on profiles, thus establishing direct social ties.
Our data were sampled weekly for 4 months. The sample included patients' online activities on the website as well as their interactions with other members. A social network was constructed based on communications on patients' profiles. Since a comment could be in any content, and is a one-way communication representing a patient's willingness to interact with others, we can determine the degree of centrality of any given patient in the communication network. This denotes the extent to which individual patients are involved with others in the social network. This helps document how much benefit a patient receives from and contributes to the website. Table 1 reports social network statistics. Figure 3 shows a snapshot of a partial social network. It is a directed network in that an arrow indicates the direction of the communication. The size of the node represents the number of communications to or from that node; the bigger the node, the more connections. In other words, the size of a node can be viewed as a proxy for the visibility of the patient in the network. 
Data Description
Like other social network websites, there are several ways for members to participate in the community.
Each patient has her own profile, and each profile has an indicator on which the volume and quality of information on the website is identified and controlled. There are four levels of data quality, indicated by 0 to 3 stars. If there is only basic membership information with no health data, the profile receives no stars. One star is assigned to a patient who completes her profile with biographical and condition history information. Another star is added if the patient updates her treatments, symptoms, and mood maps for three months. Patients are also asked to provide names of prescription medications as well as significant supplements, equipment used, and other interventions. After completing four mood maps, patients receive a third star, indicating their profile is complete.
Each member in the mental online healthcare community can also use a search tool to easily find other patients who suffer from similar symptoms or experience similar treatments. The number of times a profile is displayed also indicates the visibility of the patient in the community. Once members find a valuable user-and think that person might have some information they need-the members can leave comments on the profile or send private messages. Hence, the number of communications reflects the quality of a patient's profile as well as her online interactions. As a reward for sharing outcome data, other patients can set a flag to express appreciation for the profile host's hospitality and generosity.
Outside of the individual's profile level, the Forum is a social channel for every patient in the online healthcare community. There, members with general access can exchange general information, ask questions, seek help, provide useful information, or just chat. Each post is evaluated for usefulness by other patients. A utility score is added to the post if another reader finds it helpful. We collected both levels of patients' activities in the online healthcare community: patients' Forum activities statistics (the total number of posts is the aggregate number of conversation threads, including topic initiations and replies), helpfulness marks (other patients reward the post by marking it as helpful), as well as their profile activities. Data characteristics are shown in Table 2 .
Partially Observed Health States
The health-related information that patients upload to their profiles and share with other patients in the mood community includes their instant mood, functionality level, overall distress level, and detailed distress components, treatments, symptoms, and counseling. Different from instant mood inputs, patients need to take a weekly multi-point survey to be diagnosed so as to obtain the assessments for their health condition measurements such as functionality level defined by this online healthcare community. For example, the online survey contains detailed questions about symptoms such as sleep quality, headache severity, problems concentrating, stomach pain, nervousness, hopelessness, and treatments such as drug dosage. As functionality level is a more comprehensive measure, we discretize it and use it to operationalize the variable for health condition (state) in our model. It can be overwhelming for patients to fill out such a detailed survey every week. The lack of effort from patients results in missing information. On average we observe in our dataset about 11% of patients' health conditions.
Variable Description
Social Support Measurements
As discussed in Section 2, there are four forms of social supports. Since we focus on online activities in this research, only three of them are considered: informational support, emotional support, and companionship. We followed the coding scheme proposed by Bambina (2007) , and the details are provided in Table 3a .
The social supports are extracted from forum discussions. Different from the comments on the user profile, the forum is a place commonly used for various kinds of social interactions, allowing richer insight into the experiences and needs of individuals affected by mental problems. Focusing on the patients who participated (and not those who just "lurked") in the Forum, we used LingPipe 1 to conduct a semantic analysis on the forum threads. There were 5,192 topics initiated in the Forum and 371,562 posts made during our data collection period. For each post, a number was returned to indicate the probability that this post belonged in a certain category. Because patients tend to provide multiple pieces of information in each post, it would be improper to classify a post into one category only. Therefore, we assigned three probabilities (adding up to 1) to each post, corresponding to the topics addressed. With this classification scheme, we interpreted the probability as the amount of social support that a patient is offered or asks for. Table 3b gives the statistical details. 
Measurement of Variables That Impact Patients' Health Conditions
We also conducted analysis of variables that may affect patients' health condition dynamics, and these constitute vector it X . For example, the total (cumulative) number of posts by patient i in time period t, called "posts," could indicate a change in the patient's health condition. Although the purpose of joining an online healthcare community is to get social support and other needs, a patient's health condition may limit her time online. For example, the most valuable information from individuals who suffer from mental problems-whose mental conditions and physical capabilities can change dramatically and periodically-may not appear in their newest posts. In that case it might only be possible to get the most salient information by digging into their historical messages. Another variable involves recognition and appreciation from other patients, which can help a patient to feel capable and valuable. This is measured by "views," which shows the total number of times that a patient's profile has been checked by other community members. If members find a profile particularly valuable, "thank you" is the simple way of showing appreciation for sharing information, while "comments" involve more detailed communications.
Not all posts contribute equally; some might contain trivial information while others tend to be more useful. Therefore, "usefulness" is used to measure the value of posts, as assessed by other patients. Each patient can vote only once, for any post except her own.
Measurement of Variables That Directly Impact Patients' Online Behavior
The quality of a profile indicates a patient's level of concern about her disease, and therefore could directly impact her online activities. As four or more mood maps provide an accurate history of disease progress, it is important for not only sharing with the community but also working with the clinician. For this reason, we define "information quality" to measure a patient's data quality. There are other characteristics that could have a direct impact on patients' online behaviors. It is possible that female patients are more active in the online healthcare community, and this could lead to a different behavior pattern for their observed online behavior given a certain health state. For example, McPherson (2001) finds that gender is significant in predicting communication patterns. Hence, we include a "gender" variable in our model to control for this possibility. The date the patient joined the online healthcare community (membership), the frequency with which the patient updates his profile (update), and the willingness to communicate with other patients (out-degree) describe a patient's direct perception of the online healthcare community and her attitude toward it. Thus, these variables are proxies used to capture the patient's activity pattern.
Last, we use a patient's instant online activity, the number of new posts she initiates or replies in the period, to describe her state-dependent outcome. The change of this measure could result from a change in the patient's health condition. In other words, the social support she has is insufficient and she needs to communicate in the online healthcare community to fulfill her social demand. The more posts she contributes, the more likely her health condition has changed. Note, this does not imply whether a patient's health condition has deteriorated or improved. It suggests only that a patient's online activity relates to her current health state. The variable summary is presented in Table 4 . 
Estimation
We started with a latent class model to estimate the initial distribution for the latent health state, and then used the maximum likelihood method to estimate the model parameters. To control for patients' heterogeneity, modeled by η and ξ, we followed the approach by Heckman and Singer (1984) . The approximation process for the underlying unknown probability distribution was evaluated by finite sampled supporting points associated with probability mass distributions. After rescaling η and ξ by two parameters C η and C ξ , respectively, we set the boundary for each of the random effect variables to be between 0 and 1 (Kennedy 2003) . We used the BFGS Netwon-Raphson algorithm (Whittaker and Robinson 1967) to maximize the log-likelihood. The number of states n was chosen by the selection criteria derived by Greene and Hensher (2003) , known as Bayesian Information Criterion (BIC):
where P is the sample size (the number of patients), L is the likelihood of the model, and k is the number of parameters to be estimated. The goal of the model selection process was to choose the model with a probability that approached one as the sample size got larger (Anderson et al. 1998) . The results are shown in Table 5 . Our simulation indicates that the three-state POMDP outperforms other models. It is noteworthy that although our model categorizes patients' health conditions into three health states, it does not necessarily mean that patients in State 1, the bad state, would prefer suicide. These health states describe patients' capability of balancing themselves with the environment they are in. And this ability is a combination of patients' physical and mental health. 
Results
In this section, we report the results from the POMDP model with three health states (bad, fair, and good).
The initial state distribution probability, (0.7756, 0.15026, 0.07414), was obtained from a latent class model with three classes. The estimated parameters are presented in Table 6 , where the corresponding standard errors are shown in parentheses. We first explain the various impacts of variables that would affect patients' directly observed activities in the online healthcare community, the results corresponding to discussions in Section 3.2. We then address various features that would impact patients' willingness to participate in an online community. In particular, as the key focus in our study, we use our empirical evidence to explain the discussions in Section 3.1 in detail and discuss the hypotheses we raised in Section 2. Significance levels: *** p < 0.01; ** p < 0.05; * p < 0.1
Hypothesis Test
As shown in Table 6 , the estimated parameters for the effects of both informational and emotional supports are positive and significant across all three states. Hence, both Hypotheses 1 and 2 are supported. 
State-Dependent Outcome
The parameters for state-dependent outcomes describe the variables that affect a patient's activities in online healthcare community at a given health state. It is interesting to note that-as indicated by the state-dependent constants that give the intrinsic propensity to contribute-the patients turn to create less posts as they progress to better health state. In the online supplement, we calculate the expected intrinsic number of new posts which are respectively 2.34 for bad state, 1.46 for fair state, and 1.12 for good state.
These numbers are statistically different. The patients in a bad state want to learn more about their disease and hence have relatively more problems or questions to ask than those in fair or good state.
As shown in Table 6 , women participated more actively than men in the online healthcare community across all health states. Female patients tended to post more when they were in either the worst (3.05 more posts than the intrinsic number) or best condition (additional 0.86 posts). This may be due to the fact that women are more sensitive to changes in their emotional and physiological states (Hunt et al. 1981) and, hence, more willing to express themselves and their emotions when they are in extreme conditions (bad or good). This finding is consistent with prior studies (e.g., Hunt et al. 1981 , Mechanic et al. 1978 ) that show a sex differential in admitting to certain problems.
A patient with good information quality or who updates her disease records regularly is one who keeps close track of her disease progression. She prefers to seek out social supports, find out underlying reasons, and try to improve her condition. This is confirmed by the significant and positive coefficients in our results. The duration of membership measures the attitude commitment to online healthcare communities. Our results show that a member with a longer tenure, when in good or bad condition, tended to contribute more to an online healthcare community than a newcomer. The significant and negative coefficients for out-degree centrality for all states suggest that a patient is more interested in talking with her own favored cluster of patients and less likely to participate in community-based communications.
State Transitions and Baseline Results
The thresholds provide the intrinsic propensity to transition from one state to another. As we allow patients to "jump" among different states, these thresholds ensure that moving involves some positive boundary requirements. The intrinsic probabilities 3 to transit among states are shown in Table 7 . Although a patient's health state could change dramatically (even to the point of jumping to a nonadjacent state in our model), our results showed that patients are indeed relatively stable in their health states. Different from mood changes, health status describes a patient's physical and mental ability and the variation is minimized by medication control. The stickiness in the current state could result from the effect of medical treatments that patients received for their mental disease. As for mood problems, medication is not always recommended for those with mild depression because the risks outweigh the benefits. 4 In our dataset, an average of 35% of patients were taking medical treatments. However, without help from external resources (e.g., various services provided in the online healthcare community), a patient has a lower probability of improving her health condition to a better level. Without participation in an online healthcare community, a patient is more likely to stay at her current health state or get worse.
Factors Influencing Patients' Health Transition Matrix
As our primary objective was to determine the helpfulness of online healthcare communities in improving patients' health condition, we provided detailed discussions about the variables that affect patients' health state and consequently influence their behavior in online healthcare communities. In what follows, we categorize these variables into three groups. The transition probabilities are evaluated with the average value of the focal variable and the values of the other variables set at zero, and compared with the intrinsic transition probabilities. Table 8 shows the change of transition probabilities, due to informational support, from the intrinsic ones in Table 7 (also shown in the parentheses). By communicating with other members, a patient is more likely to get useful information and better understand her health conditions. Along with information about medical terms and symptom descriptions, personal advice and referrals make the communication more valuable. The firsthand experience available on the online healthcare community helps patients muster the strength to fight their disease; it is also a place to find guidance for self-management. All of this helps to increase the probability that patients will transit to a better health state. For example, compared with intrinsic propensity transition, the probability of a patient in a bad state moving to a fair state is increased by 3.21%. With an increase of probability of 2.28%, a patient already at a good health status is more likely to stay in good condition when she receives information support. Our results also indicate that the possibility of moving down to a worse health condition decreases because of informational support.
Impact of Social Supports on Health Condition
Emotional support has a significant influence on patients in different states. As shown in Table 9 , we observe the same pattern seen with informational support: The benefits of emotional support are significant and positive in all three states. In other words, it increases the probability that patients move to a better health condition. Many studies have found that emotional support plays a critical role in a patient's outcome. For example, in a study of heart failure, emotional support was found to have significant association with risk for heart disease (Krumhole et al. 1998) . We also find evidence supporting the importance of emotional support. Patients in a bad state had a 8.94% higher possibility of moving to a fair state and a 10.22% lower possibility of staying in a bad state. A patient who was already in a good state was shown to be more likely to stay in good condition with a 11.73% higher probability. Severe disease affects patients and changes their everyday activities. Researchers in psychosocial and social science have examined social supports in various contexts. Such work includes studying patients' need for emotional support (e.g., Slevin et al. 1996) and emotional and informational support for patients' relatives (Eriksson et al. 2000) . The requirements for such social support change according to the magnitude and time in need. Hypothesis 3 indicates that the same unit of emotional support is 5 to 10 times more effective than that of informational support. Tables 8 and 9 show that emotional support is overall more influential in changing patients' conditions, although patients receive more units of informational support in this community.
Impact of Self-Verification and Identification on Health Condition
Multiple measurements can be used to evaluate how well patients communicate with other community members, and how personal images are built in such a virtual world. By searching for similar patients with certain criteria, a patient can learn more from those members by viewing their detailed profiles.
Therefore, the number of times that her profile is viewed indicates how visible a patient is in this community. The results shown in Table 10 confirmed this theory. The coefficient for profile views was positively significant and therefore increased the probability that a patient would move to a better health state. Take a patient in a bad state as an example. The probability of moving to a fair state in the next time period increases by 3.07%, while there is an increase of 2.53% in the probability of staying in the same state for the next period. A large number of "thank you" votes indicated the quality of a patient's data. It not only confirmed the patient's effort in disease self-management but also made her feel appreciation for helping others.
This satisfaction can influence a patient's ability to move among different health states. As shown in Table 11 , we found that patients in a bad state had a 2.1% increase in the probability of moving to a fair state and a 1.31% decrease in the probability of staying in a bad state. Patients in a good state also benefited from confirmation and encouragement, and therefore had a higher probability of staying well.
The measurement for "comments" was intended to signal patients' profile quality. As shown in Table 6 , the number of comments on a patient's profile had a significant and positive impact in all health
states. This may result from the profile owner being encouraged by recognition and care from other patients, thus increasing her probability of feeling better. Table 12 shows that even a patient in a bad health condition who received an average number of comments had a higher probability of moving to a better condition (a 3.41% increase to a fair state). If she was already in good condition, the possibility of staying well increased 1.49%, as compared to when this recognition was absent. 
Impact of Displaying Social Competence on Health Condition
The number of posts and the helpfulness of those posts helped to determine patients' social value in this online healthcare community. The number of "posts" that a patient created was an indicator of her attitude in facing the disease and her aggregated knowledge of the disease, which may contain valuable information and experience for others patients. The "usefulness" variable measured the effectiveness of her posts. Tables 13 and 14 depict the impact of such activities on patients' health conditions. A patient in a bad health state could create posts in the online healthcare community to seek help.
This could help her release unhappiness and pressure and receive advice about her next move, and hence prevent her from falling into a worse condition. As shown in Table 13 , there was a 1.29% decrease in her probability of staying in a bad state, and there was a 1.75% smaller probability that a patient in a good state would move to a fair state. The recognition and reward for competence ("usefulness") also helped patients not to get worse. Table 14 shows that appreciation gave patients in a bad state a 2.48% greater chance of moving to a fair state. A patient already in good condition increased her probability of staying well by 2.64%.
Posterior Analysis
For this analysis, we applied the filtering approach proposed by Hamilton (1989) to recover patients' unobserved health conditions across time periods. This approach used the information until time t and calculated the posterior probability for a patient in a given state. This allowed a patient to be classified, in any given time period, into a health state according to the posterior probability calculation. As observed in Figure 4 , 5 about 45% to 50% of patients were in a bad health condition, and 35% to 40% of patients were in a fair state over the time. In Figure 5 , we plotted two examples of individual patient behavior. There was no unique pattern: One remained at the same level and was more or less stable, while the other fluctuated a lot among states.
Since the observed information on health states from Week 17 was not used to calibrate the model, the results of posterior analysis for Week 17 and beyond were purely predicted. Figure 5 shows that our POMDP model was very accurate in predicting patients' health conditions. For all the patients in our dataset, the overall accuracy was 91.3%. Therefore, our result shows this is a very effective way for patients and healthcare providers to recover missing or unavailable information. 5 Figures 4 and 5 plot the results of posterior analysis on functionality state for 33 weeks. The parameters in our POMDP model are, however, estimated using the data of the first 16 weeks, due to computational complexity. 
Robustness Check
Various attempts were made to check the robustness of our results. First, we checked the robustness of observed health conditions. In our dataset, the observed functionality level was scaled from 0 to 100. We performed various classifiers to categorize (or discretize) functionality levels. The alternative trials did not produce qualitatively different results, and the likelihood does not exceed the result presented earlier.
Next, the online healthcare community routinely asked that patients update their profiles weekly; hence, we chose a week as the length of time between observations. To account for potential concern about this timeframe, we used 2 weeks as the time period and re-conducted the analysis. The results showed no significant difference. Finally, we considered other controls for the analysis. For example, age is correlated with patients' online behavior, and therefore it could have affected state-dependent outcomes. The results for controlling such effects did not produce any significant differences from the results presented earlier.
Limitations
There are several limitations in our study, and we do not want to overstate our findings. First, social supports were shown to have significant impact on patients' health condition changes, but our dataset did not allow us to distinguish between active and passive social supports. We were unable to separate "providing" from "seeking" social supports and, hence, cannot precisely measure the impact of each.
Second, we used the number of posts as the measure for patients' online healthcare community outcomes.
It is very possible, however, that patients possess different preferences in their online activities. For example, some patients may spend more time observing, rather than actively participating in others'
communications. It would be helpful to incorporate more measures of patients' online behavior patterns.
The third limitation is that we only considered direct communications among patients. Social supports can, however, also be transferred by word-of-mouth via common friends. Therefore, including other network measures could potentially shed more light on how online healthcare community can benefit patients.
Conclusion
In this paper, we developed a Partially Observed Markov Decision Process model to study patients' dynamic health outcomes. The POMDP model was estimated by a maximum likelihood procedure. Three health condition states were identified to best explain the data. Our results offered several insights into the driving forces behind patients' health condition changes and, hence, demonstrated the usefulness and value of online healthcare communities.
The main contributions of this work are (1) our proposed framework to measure how helpful an online social network can be and (2) new evidence of the efficiencies and benefits of such online services.
Growing participation in online healthcare communities is well documented. While research on how these forms of social networking work and how well they serve patients' needs is underway, the important question of how social supports change patients' health outcomes remains unanswered (Lamberg 2003) .
By investigating the online activities of patients suffering from mental disease, our results revealed the benefits and advantages of online healthcare communities in helping patients improve their health conditions.
Our procedure to identify a patient's unseen health condition distinguishes our model from other social networking studies on healthcare. Extending the sociological research on patient behavior, we used the POMDP model to explain patients' health condition changes with respect to social supports they received online. Patients are actively involved in disease self-management. Their participation in online discussions enabled them to learn from other patients, and enjoy a partial prevention effect that reduced the possibility of their condition deteriorating. These findings can be used to encourage users who are passively participating in online healthcare communities to reduce "lurking" behaviors. That would result in online healthcare communities becoming a place where social supports are contributed by an even more diverse membership. The investigation of transition distributions for various effects revealed that such communications were more effective for patients in good health conditions. We showed that a healthier patient gains more benefits from online healthcare community and has a higher probability of staying well.
We found, in our empirical analysis, that informational support was the most useful of all available online social supports. It was the main draw for patients and their family members to join an online healthcare community. However, its impact on changing patients' health condition was relatively lower than that of emotional support. Our results also indicated that recognition and positive feedback from other patients helped to improve an individual's health condition and encouraged patients to play their social roles competently. This effect was enhanced in the "sticky" dormant states.
Finally, our work is just a first step. It revealed the importance of studying the role of information systems in the context of healthcare. Fichman and his colleagues (2011) agree: The intersection of social media and healthcare is a promising direction for study. Our work combined theoretical modeling and data validation and exhibited the quantitative results. These findings signify a potential direction for healthcare reform, and suggest the effective and encouraging consequences of incorporating patients' self-help efforts into health management. These possibilities are tantalizing for both information systems and healthcare practices research.
A1. Statistics for Testing Hypothesis 3
To 
A2. Statistics for Testing Hypothesis 4
To test Hypothesis 4, we check whether the estimated coefficient for informational ( 6,s β ) or emotional 
A3. Comparison of Intrinsic Propensity to Contribute across States
Here, we test the constant coefficient 0,s γ is different across state s. The following table shows the differences of these estimated parameters and their standard errors.
Parameter Difference between State 1 (bad) and 2 (fair) 1 (bad) and 3 (good) 2 (fair) and 3 (good) 
A4. Calculation of State Transition Probabilities
The support points and probability masses for individual heterogeneity in the state transition are: The intrinsic propensity to transition from i to j (Table 7) is calculated as follows with the rescaling parameter 0.151 C ξ = − . Specifically, for 1, 2 : 
